Future High Energy Physics experiments require the use of light and stable structures to support their most precise radiation detection elements. These large structures must be light, highly stable, stiff and radiation tolerant in an environment where external vibrations, high radiation levels, material aging, temperature and humidity gradients are not negligible. Unforeseen factors and the unknown result of the coupling of environmental conditions, together with external vibrations, may affect the position stability of the detectors and their support structures compromising their physics performance. Careful optimization of static and dynamic behavior must be an essential part of the engineering design. Genetic Algorithms (GA) belong to the group of probabilistic algorithms, combining elements of direct and stochastic search. They are more robust than existing directed search methods with the advantage of maintaining a population of potential solutions. There is a class of optimization problems for which Genetic Algorithms can be effectively applied. Among them are the ones related to shape control and optimal placement of sensors/actuators for active control of vibrations. In this paper these two problems are addressed and numerically investigated. The finite element method is used for the analysis of the dynamic characteristics. For the case of the optimal placement of sensors/actuators a performance index, proportional to the damping of the system in closed-loop, is used. Genetic algorithms prove their efficiency in this kind of optimization problems.
INTRODUCTION
The European Laboratory for Particle Physics (CERN) foresees in the year 2005 the construction of a new particle accelerator, the Large Hadron Collider (LHC). Two general purpose High Energy Physics Experiments, CMS and ATLAS, will study LHC collisions and explore nature's most fundamental questions. Typically with several tens of meter long, these experiments are both huge in size and complexity and can not be compared with any particle physics experiment done so far. Some of the detectors impose stability requirements in the order of tens of micron to their supporting structures.1 Shape control of the supporting structures and alignment systems as well as effective damping of vibrations are engineering design problems that should be considered and which support the approach presented in this work. 2 The need of an optimization process able to solve efficiently these problems without imposing a high number of requirements and restrictions lead us to opt for Genetic Algorithms. Based in the natural evolutionary process and on the survival-of-the-fittest, GAs are stochastic optimization techniques mainly used when the search space is large and when a near-optimal solution is sufficient. By exploiting the knowledge contained in old solutions and by changing information in a random way these methods are quite powerful and easy to implement. A new method, based in Genetic Algorithms, is applied to the solution of two different classes of optimization problems: shape control and optimal placement of sensors/actuators in adaptive structures. After a general overview of Genetic Algorithms and of the mathematical formulation used, two application cases will be presented and discussed. The first application consists in finding the best set of actuation voltages applied to piezoelectric patches placed on a beam structure in order to achieve a pre-defined shape. Different boundary conditions will be considered. Using the same optimization problem and a different beam structure, the influence of GA's main parameters: population size, crossover probability and mutation probability, will be discussed. The second application deals with the optimal placement of collocated piezoelectric sensors/actuators in a beam structure. The weighted sum of the closed-loop damping ratios is used as a measure of the performance of the system. Linear feedback control with a matrix gain calculated using the LQR algorithm is used. Optimal location is coincident with the maximum of the performance index.
GENETIC ALGORITHMS
Genetic Algorithms (GA) are iterative procedures which maintain a population of candidate solutions of the problem, the so called chromosomes. Each chromosome is constituted by a number of individual structures called genes. During each iteration step, generation, each solution is evaluated to give some measure of its fitness, and, on the basis of those evaluations, a new population of candidate solutions is formed. Then crossover and mutation operators are applied to this population allowing recombination and exchange of genetic material (Fig. 1) . Traditionally, the binary encoding of the candidate solutions is the representation used in Genetic Algorithms. In this case, the length of the binary string depends on the required precision of the problem making this representation not suitable when applied to multidimensional, high-precision numerical problems. 3 An alternative is to use the floating point representation avoiding coding and decoding of the solutions and therefore allowing an easy and efficient implementation combined with an higher degree of precision.
Chromossomes
Reproduction or selection is a process in which strings are copied to the new population according to their objective function values or fitness. 4 The new solutions are selected by a random selection procedure that ensures, at each generation, that the "good" solutions reproduce, while the relatively "bad" ones-die. An elitist strategy can be employed to avoid that the best solution in the population disappears due to sampling errors, crossover or mutation. In the case of a binary representation, a decoding to the floating point space must be done before applying the reproduction operator, in order to evaluate each individual by the optimization function. The reproduction operator can be implemented in the algorithm in several ways, of which, the roulette wheel selection procedure is the most commonly used and the one adopted. This procedure belongs to the fitnessproportional selection methods and is based on the probability distribution of the fitness values.5
Crossover is the main genetic operator under which two chromosomes, called parents, combine portions of their internal representation generating new chromosomes called offsprings. Crossover is implemented by choosing a random cut-point, crossover point, and exchanging the segments to the right of this point. The crossover probability, Pc' associated to this operator, is defined as the ratio of the number of offspring produced in each generation to the population size.
Mutation is a background operator that produces a random alteration of a gene. In GA this operator provides the genes that were not present in the initial population and replaces the genes lost from the population during the selection process so they can be tried in a new context. The mutation probability, Pm ' gives the expected number of mutated genes, and controls the rate at which new genes are introduced in the population for trial.
The procedure developed in optimization problems using Genetic Algorithms can be summarized as follows6:
MATHEMATICAL FORMULATION
Hamilton's principle can be used to derive the equations of motion for a laminated composite plate containing piezoelectric patches ft2 6] (TU+Wext)dtO (1) tl where T is the kinetic energy, U the potential energy (including strain and electrical energies) and Wext the work done by external forces. The expression for non conservative work was not considered here. For coupled electro-mechanical systems the kinetic and potential energy terms are defined as
where Q is the mass density, {S} the strain vector, {T} the stress vector, {E} the electrical field vector and {D} the vector of electrical displacements. Considering only discrete applied external forces, Wext can be defined as
with {F} and {q}j being respectively the external force vector and the displacement vector acting at x and nf the number of applied external forces.
Under the same assumptions and restrictions as in the classical laminate theory, the displacement field of the first-order shear deformation theory is of the form7 u(x,y,z,t) =uo(x,y,t) +zcp(x,y,t) v(x,y,z,t) v0(x,y,t) +zço(x,y,t) (4) w(x, y, z, t) =wo(x, y, t) where tLO, V0 and w0 are the in-plane and transverse displacements ofa point (x, y) in the mid-plane, and and the rotations of a transverse normal about the y and x axes. After substituting the energy terms in Equation (1), the discrete equations of motion can be derived by defining the displacement and the electrical potential in terms of the i nodal variables via the shape functions matrices {Nq] and [N] (5) where {q2} and {} are the mechanical and electrical generalized coordinates, respectively. Assembling for the entire system, the equation of motion is obtained (6) where the mass and the mechanical stiffness matrices are defined as
the coupled electrical/mechanical stiffness matrix and the external force vector as
RESULTS AND DISCUSSION
The equation of motion (6) derived in the last section will be used in the formulation of shape control and optimal placement optimization problems. In both cases the developed methodology is applied to beam structures, however the approach is general and can be applied to a more complex geometry.
Shape Control
Shape control problems can be considered quasi-static if we assume slow time varying disturbances. In this case the equation of motion, in a free load condition, reduces to
The shape of a beam is described by the transverse displacement of the mid-plane nodes. The error between the pre-defined displacement field function and the achieved displacement field, is defined as the square root of the sum of the errors at the n nodal points. The fitness function, J, is then defined by J = -qiJ2 (10) where is the pre-defined displacement at the i -th node and qj the achieved displacement. Based in Genetic Algorithms, the shape control problem consists in finding a set of actuator voltages, çb, that minimizes the function, J, and satisfies the following constraint min qj max (11) The developed procedure assumes a specific geometry and a specific layout of the actuator's placement.
The set-up used in the simulation consists of a carbon fiber composite cantilever beam with six pairs of lead zirconate titanate (PZT) patches symmetrically attached to the locations shown in Fig. 2 In this case the variables are the voltages of each of the six piezoelectric patches on one side of the beam, the other six being symmetric. The voltage limit is set to A crossover probability of 0.65, a mutation probability of 0.05, a maximum number of generations equal to 20000 and a population size of 20 individuals were considered. The pre-defined displacement fields were arbitrarily chosen taking into account the boundary conditions.
The pre-defined shape and the achieved shape for the clamped-free beam are shown in Fig. 3 . The pre-defined deflection of the clamped-free beam was conveniently taken as S(
, where L is the length of the beam and x the position along this direction. The corresponding actuator voltages of each piezoelectric patch are presented in Table 1 .
A second test was performed using the same geometry but with both ends of the beam clamped. -Pie-defined are shown in Fig. 4 for different voltage limits. The actuation voltages for this case are shown in Table 2 . It is found that for a limit voltage of 200 Volt and 300 Volt the saturation is attained in some piezoelectric patches. Better results are obtained if higher voltages are allowed in the actuators (e.g. 500 Volt).
These two simple examples confirm the validity of the developed methodology and the usefulness of the Genetic Algorithm approach. Indeed with a correct choice of parameters one is able to achieve the pre-defined displacement fields.
Influence of Genetic Algorithm's Parameters
The influence of the population size, the crossover and the mutation probabilities on the convergence of the GA is investigated under a shape control optimization problem.° The optimization problem consists in determining the voltages needed to produce a pre-defined shape in a piezoelectric bimorph beam, with 100 mm length, 5 mm width and 1 mm thick, with two PVDF layers bonded together and polarized in opposite directions.10
The effect of the population size on the average fitness and on the minimum value of the fitness function (see Equation 10 ) attained after 800 generations is shown in Fig. 5 and Table 3 . The time required to evaluate each group depends on the number of individuals, and consequently larger populations impose an higher computational effort. On the other hand a larger population contains more diversity, discouraging premature convergence to sub-optimal solutions. A better performance is obtained for a population size of 20 when compared with a population size of 10 and 5 individuals. The crossover probability was changed between 0.2 and 0.9. Fig. 6 presents the effect of the crossover probability on the total average fitness of the population and Table 4 the average fitness and the minimum value obtained over the considered number of generations. For low crossover probabilities (p=O.2) there is the possibility of falling into local minimum and the search may stagnate due to a lower exploration rate. If the crossover probability is too high (p=0.9), the algorithm spends time searching in unnecessary areas without any benefit to the total average fitness. For higher crossover rates, high performance structures may be discarded faster than selection can produce improvements. A crossover probability of 0.65 seems to be a reasonable value for this case.
The mutation probability was changed between 0.025 and 0. 15. Fig. 7 presents the effect of the mutation probability on the total average fitness of the population and Table 5 the average fitness and the minimum values attained over the considered generations.
If the mutation probability is too high, the search becomes random and the next generation will lose the similarity to the parents so that the convergence may suffer (Pm0. 15). On the other hand if the mutation probability is too low, new genes are not tested and the overall convergence may be compromised (pm=0.025). A mutation probability of 0.05 gives, in this case, the best fitness average and the minimum value.
It is interesting to observe that eventual excursions to non-optimal solutions (the peaks in the plots) are rapidly excluded and a fast convergence is obtained. with being the modal damping ratios, {] the modal matrix and 63 the Kronecker delta function. When we want to control the vibrations of a structure we mainly try to act at the level of the maximum amplitudes of oscillation. Since the amplitude of the mode shape is inversely proportional to the square of the frequency, for most practical problems, only the first few modes play an important role in the response of the system. Assuming that the response of the system is governed by the first r modes, the displacement {q(t)} can be approximated by {q(t)} (16) with i being the modal coordinates. Using the orthogonality of the eigenvectors with respect to the mass and stiffness matrices
being [I] the identity matrix, and considering the damping effects, the equation of motion in the absence of forces is as follows
The first order state-space system equations equivalent to the previous expression is Feedback control is generally used for stabilization, disturbance rejection, and protection against model uncertainties. It consists in measuring the outputs of the process to control, eventually modifying them, and fed back that information in the inputs of the system influencing in this way the control variables. One of its simplest implementations is the linear feedback, where the outputs are simply multiplied by a constant gain matrix, G, related to the control input vector and to the system state vector by u = -Gx. ' Once presented the formulation, the optimal placement of collocated sensors/actuators was done using the weighted sum of the closed-loop damping ratios as a measure of the performance of the system. The problem can be stated as maximize c i= 1 where e are the eigenvalues of Equation (23) and c are the weighting factors of the n modes.
(24)
In the formulation used, a variable taking the binary values 0 or 1 was introduced to give the information whether a sensor/actuator was placed at a given position or not. The problem variables consisted in sequences of 0 and 1 with the length equal to the number of elements of the finite element mesh. A population of 10 individuals, a crossover probability of 0.65,a mutation probability of 0.20 and a maximum number of generations of 50were considered.
To validate the method a carbon fiber composite beam with 14.3 in length, 0.9 in width 0.0625 in thick with both ends simply supported was modeled. The finite element mesh had 26 elements and 42 nodes. Six vibration modes were considered in the simulations, and a damping of = 0.003, 0.0008, 0.0005, 0.0003, 0.0003, 0.0003 was respectively assumed. The natural frequencies and the damping ratios of the beam, change due to the presence of piezoelectric patches. To validate the simulations, the damping ratio of the first four vibration modes was calculated as a function of the position of one collocated sensor/actuator along the beam (Fig. 8) .
One observes that the maximum of the damping ratio occurs when the sensor/actuator is located at the maximum strain position and, similarly, the minimum occurs at the nodes of the vibration modes. In the first objective function a bigger weight is given to even vibration modes. In the middle of the beam these modes have nodes and consequently the piezoelectric patches have no contribution to the active damping. As expected, the optimal solution is obtained when the collocated sensor/actuator are placed away from the center. Conversely, for the case where odd vibration modes have a bigger weight, the optimal position is centered. The time response of the system in modal coordinates is presented in Figs. 1 1 to 13 . An initial deflection equal to the combination of the first two vibration modes, with a modal amplitude of 0.04, was considered in the simulations. In the open-loop case, all the vibration modes are present with their initial damping ratios. When the two objective functions are considered a clear effect on the time response of the vertical modal displacement is observed (Figs. 12 and 13 ). Given the relation between the amplitude of the vibration modes and the frequency, the control focused on the lower modes is more efficient. 
CONCLUSIONS
A systematic and general methodology, using Genetic Algorithms, for the shape control of adaptive structures and for the optimal placement of collocated sensors/actuators was proposed and numerically studied. Shape control was applied to a beam structure with different boundary conditions: clamped-free and clamped-clamped. The square root of the error between the nodal pre-defined displacement and the achieved displacement was considered as the performance index. Optimal placement of collocated sensors/actuators was done using a beam simply-supported in both sides. Two different weighted fitness functions were considered and the response of the system in open and closed-loop was analyzed. The weighted sum of the first four damping ratios was used as a measurement of the system performance. Both criteria used in the optimization process, as well as, the optimization process in itself proved their efficacy when applied to these optimization problems. The use of Genetic Algorithms was successfully demonstrated and the influence of its control parameters in the final performance discussed.
